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Abstract. A concept of financial prediction system is considered in this paper. 

By integrating multidimensional data technology (data warehouse, OLAP) and 

case-based reasoning, we are able to predict financial trends and provide 

enough data for business decision making. Methodology has been successfully 

used and tested in the management information system of "Novi Sad Fair".  

1  Introduction 

A data warehouse can be defined as an online repository of historical enterprise da-

ta and is optimized for complex data analysis operations rather than transactional pro-

cessing. OLAP (online analytical processing) refers to technologies that allow users to 

efficiently retrieve and aggregate data along the dimensions with different functions 

from the data warehouse. In order to help knowledge workers (executives, managers, 

analysts), to focus on important data, and to make better decisions, case-based reason-

ing (CBR - an artificial intelligence technique) is introduced for making predictions 

based on previous cases. CBR will automatically generate an answer to the problem 

using stored experience, thus freeing the human expert of obligations to analyze nu-

merical or graphical data. 

The use of CBR in predicting the rhythm of issuing invoices and receiving actual 

payments based on the experience stored in the data warehouse is presented in this 

paper. Predictions obtained in this manner are important for future planning of a com-

pany such is the ”Novi Sad Fair”, because measures of success in business are: 

achievement of sales plans, revenue, and company liquidation.  

The combination of CBR and data warehousing, i.e. making an OLAP intelligent 

by the use of CBR is a rarely used approach. The system also uses a novel CBR tech-

nique to compare graphical representation of data, which greatly simplifies the expla-

nation of the prediction process to the end-user [2]. 

Performed simulations show that predictions made by CBR differ only for 8% in 

respect to what actually happened. With inclusion of more historical data in the ware-

house, the system gets better in predictions. Although achieved results of this finan-

cial prediction present a significantly good outcome, the research on this project can 
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be continued. There are several important issues that the research could focus on in 

the future. 

The rest of the paper is organized as follows. The following section elaborates the 

original algorithm for searching the previous cases (curves) looking for the most simi-

lar one. Section three describes the actual application of our technique to the given 

problem for inclusion of CBR in decision support system, while section four describes 

results and measurements. Fifth section elaborates several important issues which 

could improve the existing system. Section six presents the related work, while the 

seventh section concludes the paper. 

2 CBR for Predicting Behavior of Curves 

Generally speaking, case-based reasoning is applied to solving new problems by 

adapting solutions that worked for similar problems in the past. The main supposition 

here is that similar problems have similar solutions. The basic scenario for mainly all 

CBR applications looks as follows: in order to find a solution of an actual problem, 

one looks for a similar problem in an experience base, takes the solution from the past 

and uses it as a starting point to find a solution to the actual problem. Experience is 

stored in a form of cases in CBR systems. The case is a recorded situation where 

problem was totally or partially solved, and it can be represented as an ordered pair 

(problem, solution). The whole experience is stored in case base, which is a set of 

cases, each case representing some previous episode where the problem was success-

fully solved. 

The main problem in CBR is to find a good similarity measure – the measure that 

can tell to what extent the two problems are similar. Similarity can be defined as a 

function sim : U  CB  [0 , 1] where U refers to the universe of all objects (from a 

given domain), while CB refers to the case base (just those objects which were exam-

ined in the past and saved in the case memory). The higher value of the similarity 

function means that these objects are more similar. 

The main advantage of this technology is that it can be applied to almost any do-

main. CBR system does not try to find rules between parameters of the problem; it 

just tries to find similar problems (from the past) and to use solutions of the similar 

problems as a solution of an actual problem. So, this approach is extremely suitable 

for less examined domains – for domains where rules and connections between pa-

rameters are not known. The second very important advantage is that CBR approach 

to learning and problem solving is very similar to human cognitive processes – people 

take into account and use past experiences to make future decisions. 

Because the aim of the system is to help end-users (executives, managers) to make 

business decisions we used the CBR system that makes predictions based on curves 

[2]. The system analyses curves, compares them to similar curves from the past and 

predicts the future behavior of the current curve on the basis of the most similar 

curves from the past. 

The main problem here, as almost in every CBR system, was to create a good simi-

larity measure for curves, i.e. what is the function that can tell to what extent the two 

curves are similar. In order to present two curves, it is possible to make a choice be-
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tween a classical interpolating polynomial and a cubic spline. The cubic spline was 

chosen for two main reasons: 

Power: for the n+1 points classical interpolating polynomial has the power n, while 

cubic spline always has the power of 4. 

Oscillation: if only one point is moved (which can be the result of bad experiment 

or measuring) classical interpolating polynomial significantly changes (oscillates), 

while cubic spline only changes locally (which is more appropriate for real world do-

mains). 

When the cubic spline is calculated for curves, then one very intuitive and simple 

similarity measure can be used. Distance is the dual notion for similarity (sim = 

1/(1+dis)). The distance between two curves can be represented as a surface between 

these curves. This surface can be easily calculated using the definitive integral. Fur-

thermore, the calculation of the definitive integral for polynomials is a very simple 

and efficient operation. 

3 Application of the System 

A data warehouse of ”Novi Sad Fair” contains data about payment and invoicing pro-

cesses from the last 4 years for every exhibition - containing between 25 and 30 exhi-

bitions every year. Processes are presented as sets of points where every point is given 

with the time of the measuring (day from the beginning of the process) and the value 

of payment or invoicing on that day. It can be concluded that these processes can be 

represented as curves.  

The measurement of the payment and invoicing values was done every 4 days from 

the beginning of the invoice process in duration of 400 days - therefore every curve 

consists of approximately 100 points. By analyzing these curves, the process of in-

voicing usually starts several months before the exhibition and that value of invoicing 

rapidly grows approximately to the time of the beginning of exhibition. After that 

time the value of invoicing remains approximately the same till the end of the process. 

That moment, when the value of invoicing reaches some constant value and stays the 

same to the end, is called the time of saturation for the invoicing process, and the cor-

responding value – the value of saturation. 

The process of payment starts several days after the corresponding process of in-

voicing (process of payment and invoicing for the same exhibition). After that the 

value of payment grows, but not so rapidly as the value of invoicing. At the moment 

of exhibition the value of payment is between 30% and 50% of the value of invoicing. 

Then the value of payment continues to grow to some moment when it reaches a con-

stant value and stays approximately constant till the end of the process. That moment 

is called the time of saturation for the payment process, and the corresponding value – 

the value of saturation.  

Payment time of saturation is usually several months after the invoice time of satu-

ration, and the payment value of saturation is always less than the invoice value of 

saturation or equal to it. The analysis shows that payment value of saturation is be-

tween 80% and 100% of the invoice value of saturation. The maximum represents a 

total of services invoiced and that amount is to be paid. The same stands for the in-
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voice curve where the maximum amount of payment represents the amount of pay-

ment by regular means. The rest will be paid later by the court order, other special 

business agreements or, perhaps, will not be paid at all (debtor bankruptcy). 

One characteristic invoice and a corresponding payment curve as the "Old payment 

curve" and "Old invoice curve" from the “curve base” are shown (Fig. 1). The points 

of saturation (time and value) are represented with the emphasized points on curves.  

System first reads the input data from two data marts: one data mart contains the 

information about all invoice processes for every exhibition in the past 4 years, while 

the other data mart contains the information about the corresponding payment pro-

cesses. After that, the system creates splines for every curve (invoice and payment) 

and internally stores the curves in the list of pairs containing the invoice curve and the 

corresponding payment curve.  

In the same way system reads the problem curves from the third data mart. The 

problem is invoice and a corresponding problem curve at the moment of the exhibi-

tion. At that moment, the invoice curve reaches its saturation point, while the payment 

curve is still far away from its saturation point. These curves are shown as the “Actual 

payment curve” and the “Actual invoice curve” (Fig. 2).  

The solution to this problem would be the saturation point for the payment curve, 

and a detailed calculation is shown [6]. Time point and the amount of payment of a 

debt are marked on the graphic by a big dot (Fig. 2). 

 

 

 
Fig. 1. The curves from data mart as the “old payment curve” and the ”old invoice curve” 
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Fig. 2. Problem payment and invoice curves, as the ”Actual payment curve” and the ”Actual 

invoice curve” and prediction for the future payments The curves from data mart as the “old 

payment curve” and the ”old invoice curve” 

 

This means that system helps experts by suggesting and predicting the level of future 

payments. At the end of the total invoicing for selected fair exposition, operational 

exposition manager can get a prediction from CBR system of:  

 

1. the time period when payment of a debt will be made  

2. the amount paid regularly. 

4 Results and Measurements 

The measurements of already known invoice and payment value sets and payments 

for a number of past fair exhibitions have been made with the aim of proving accura-

cy of the recommended financial prediction support system for assessing the values 

and the time of regular payments.    

The results of several conducted measurements for a number of past fair exhibi-

tions will be shown in the following text. Measurements for the largest and the wor-

thiest fair exhibition will be presented (“International Agricultural Fair 2001”) (Figs. 

3 and 4). “International Autumn Fair 2002” measurement results will be shown as 

well (Figs. 5 and 6).     
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Fig. 3. Measurement results for “International Agricultural Fair 2001” 

 

 
Fig. 4. Saturation assessment value and normalized saturation values (10 most similar) for ”In-

ternational Agricultural Fair 2001” 

 

As it has already been stated the results of these measurements and case-based reason-

ing system predictions show good results with the prediction error for:  

 

1. the value of regular debt payment from 2,4 % to 4,8 % 
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2. the time span of regular payment from 0,0 % to 6 %. 

 

 
Fig. 5. Measurement results for “International Autumn Fair 2002” 

 

 
Fig. 6. Saturation assessment value and normalized saturation values (10 most similar) for ”In-

ternational Autumn Fair 2002” 
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Other measurements have also been completed showing that when the recommended 

system is used with a set of already known values, financial prediction system based 

on CBR technique gets results which differ up to 8 % in value of what actually hap-

pened [5].  

5 Improving the Existing System 

Although achieved results of this financial prediction and decision support system 

present a significantly good outcome, the research on this project can be continued. 

There are several important issues that the research could focus on in the future.       

 

5.1 Financial prediction algorithm improvement 

 

The existing algorithm operates in a way where prediction is done at the moment of 

completing the fair service invoicing process. A new algorithm could provide predic-

tions during the whole period of invoicing and payment. This means that payment 

prediction can be done immediately after the first invoiced service payment. Further-

more, when the invoicing reaches its saturation point and payment continues to grow 

towards saturation, prediction should give better results since the payment system 

converges to the final value of the amount of money and the payment time.          

 

5.2 Cubic spline or linear interpolation 

 

The other issue that needs to be looked at is the behavior of the new algorithm in case 

of cubic spline interpolation and linear interpolation. It is obvious that the financial 

prediction system depends on the usage area so that everything can be confirmed only 

by measuring in the domain of already known results.  

 

5.3 Solution revision and retaining 

 

The system has to support the revision (repeated control) of the solution and the re-

taining of the solution fulfilling the basic CBR model (retrieve, reuse, revise and re-

tain). By memorizing: 

 

a) the problem, 

b) suggested solution,  

c) the number of similar curves used for obtaining the suggestion, and 

d) the real solution   

 

the system uses this information in the phase of reusing the solution for future prob-

lems. 

The system will then use not only 10 of the most similar curves but will also in-

spect the previous decisions in order to find a ‘more precise’ number of similar curves 

that would lead to the better prediction.   
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5.4 Application of other artificial intelligence techniques 

 

It is also significant to consider the application of other artificial intelligence tech-

niques for financial prediction support. Financial prediction as a fuzzy decision pro-

cess is especially interesting for observation where its expected value benefit is estab-

lished for different alternatives of stochastic dominant curve occurrence. This means 

that two artificial intelligence techniques would be integrated for financial prediction: 

case-based reasoning and fuzzy logic, as well as data warehouse information technol-

ogy which would be an extremely complex model.  

Using these comprehensive improvements, the theoretical basis for financial pre-

diction and decision support would be greatly extended. However, this complex mod-

el would require a lot of effort to be transferred into a practical model. 

6 Related Work 

CBR is occasionally used on multidimensional technology [1, 3, 4]. [3] theoretically 

initiates and introduces this complex integration type (online analytical processing ↔ 

case-based reasoning). The system implements an environment in which automated 

test procedures are carried out frequently.    

[4] examines the integrated system, “passive” nature of interactive CBR with an 

active database system. The two-layer “ActiveCBR” architecture support with active 

rules can perform event detecting, condition monitoring and event handling in an au-

tomatic manner.        

[1] introduces CALIBRE (Candidate Library Retrieval) software tool for extraction 

of candidate list for target marketing campaigns. An implemented case-based reason-

ing combined with data mining as an innovative form of knowledge management for 

supporting this goal.        

However, none of these systems can be used for financial business systems nor re-

sembles our suggested original graphic algorithms. 

7 Conclusion 

The paper has in greater detail described the CBR part of the system giving a thor-

ough explanation of one case study. One part of the paper presented the decision sup-

port system that uses CBR as an OLAP to the data warehouse. The other part intro-

duced system improvements.   

There are numerous advantages of this system. For instance, operational managers 

can make important business activities based on CBR predictions. They would: a) 

make payment delays shorter, b) make the total of payment amount bigger, c) secure 

payment guarantee on time, d) reduce the risk of payment cancellation, and e) inform 

senior managers on time. By combining graphical representation of predicted values 

with most similar curves from the past, the system enables better and more focused 

understanding of predictions with respect to real data from the past.  
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It is also important to consider the application of other artificial intelligence tech-

niques for financial prediction support. Financial prediction as a fuzzy decision pro-

cess is especially interesting for observation, expecting to benefit from different alter-

natives of stochastic dominant curve occurrence.  

Presented system is not only limited to this case-study but it can be applied to other 

business values as well (expenses, investments, and profit) and it guarantees the same 

or even better level of success.  
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